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1. INTRODUCTION

Gaussian time series have the property that their higher order spectra are identically
zero. In many signal processing applications, the noise fields are predominantly Gaussian.
Thus if the signal has a nonzero higher order spectra (i.e., the signal is non-Gaussian),
then higher order spectral processing of the combined signal plus noise field may provide
processing gains over moie traditional processing methods that rely on lower order
properties of the signal.

However, any practical signal processing applications of higher order spectra rely
on cstimates of the higher order spectra made from a finite number of data samples, and
thus the statistical properties of various estimators of the higher order spectra determine the
processing gains that may be achieved in practice for specific signals and noise. Therefore,
to determine the utility of higher order spectral processing it is necessary to determine
estimators that are appropriate for specific signal processing applications and determine the
performance of those estimators for the signal and noise characteristics of the specific
application based on the derived statistical properties of the estimators. This report
summarizes the work performed under Contract N0O0014-87-K-0785 in which statistical
estimators for the detection and time delay estimation of non-Gaussian signals were defined
and their statistical properties in the presence of noise were derived. — B 5

This research is being conducted in coordination with other related 6.2 and 6.3
research projects, which serve to identify specific applications of interest to the Navy and
serve as a means of transitioning this work to Navy systems. Results from this work are
being aprlied to classified data analysis under these other programs. The results of the
work conducted under this project are published in Hinich and Wilson (1989, 1990).

In this report, a detection statistic is defined based on a sample estimate of the
bispectrum. It is shown that under the null hypothesis of noise only, the detection statistic
is approximately central chi-square distributed and under the alternative hypothesis of
signal-plus-noise it is noncentral chi-square distributed. The noncentrality parameter of the
noncentral chi-square distribution is derived in terms of the processing parameters of the
bispectrum estimate, the degree of non-Gaussianity of the signal (the skewness function)
and the signal-to-noise ratio. Since the mean value of the detection statistic is equal to the
noncentrality parameter, the performance of the detection statistic as a function of all
relevant signal, noise, and processing parameters is clearly demonstrated. A new




bispectrum waterfall function is defined for use in displaying the detection results in a

familiar lofargram type of display.

The cross-bispectrum is also exploited to define time delay estimators. An
estimator based on the phase of the cross-bispectrum is defined and its statistical properties
are derived. The dependence of the resolution of the time delay estimator on processing
parameters, the signal skewness, the signal-to-noise ratio (§/N), and the coherency of the
noise is explicitly derived. A new time delay estimator is also defined which casts the two-
dimensional bispectrum into a one-dimensional fraimework much like the bispectrum
waterfall used in detection, and allows it to have many of the properties of a cross-

correlation function.

The results of this study can be used by a system designer to determine the

feasibility of higher order spectral processing for specific signal processing applications.




2. BISPECTRUM ANALYSIS
2.1 THEORY OF BISPECTRUM PROCESSING
2.1.1 Comparison to the Power Spectrum

While power spectral analysis of a time series is a concept that is familiar to many,
bispectral analysis may not be as familiar. A family of spectra, called polyspectra, has been
defined for a stationary time series, of which the power spectrum is only the lowest order
member of the family (Bnllinger, 1965; Rosenblatt, 1966; Brillinger and Rosenblatt,
1967a,b). The next higher order member of this family is the bispectrum. In the following
paragraphs, the power spectrum and bispectrum will be compared and contrasted by
explaining their relationships to the Fourier transform of the time series and the correlation

(or cumulant) functions of the time series.

For a stationary discrete time series, its power spectrum is given in terms of the

Fourier ransform of the time series by
P(®) = (X(@X (@) = (X@)PR) @.1)

where X(w) is the Fourier wransform of the time series X(t),

() = —2‘; Y Xt)elot | -r<m<n . 2.2)

tim-co

<-> denotes the expected value, and * denotes complex conjugate. As can be seen from
Eq. (2.1), the power spectrum contains information only about the magnitude of the
Fourier transform of a time series.

However, the bispectrum and higher order polyspectra contain information about
both the magnitude and specific phase relationships (or coherences) between multiple
frequency components of the Fourier transform of a time series. Different polyspectra
describe different phase relationships. For this reason, the bispectrum (and higher order
polyspectra) contain additional information about a time series that cannot be obtained from




the power spectrum. For a stationary time series, the bispectrum is given in terms of its
Fourier transform by

Blw1,wp) = (X(@1) X(w2) X (w1+wg)) . (2.3)

The bispectrum is a two-dimensional function of frequency. The bispectrum is in general a
complex function rather than a real function like the power spectrum. The two-dimensional
complex bispectrum provides information about phase relationships between the signal
components at frequencies m4,wp, and W1+W,.

The previous paragraphs have explained mathematically what the bispectrum is but
have shed little light on what the bispectrum means and how it can be interpreted.
Equation (2.3) represents the bispectrum as the expected value of the product of Fourier
transform values at the three frequencies ®q, w5, and wy+wy. Thus a nonzero bispectrum
occurs only when these three frequency components are statistically dependent. For any
Gaussian time series, all frequency components are independent, so a Gaussian time series
will produce a zero bispectrum. However, if the time series contains a quadratic
nonlinearity such that two frequency components interact to produce a sum or difference
trequency, then the three frequencies will be statistically dependent. In this case a nonzero
value will occur in the bispectrum at the pair of frequencies that define the nonlinear
interaction. Thus the bispectrum will indicate the presence of (quadratic) nonlinearities in
the time series and identify the frequencies contributing to the nonlinear behavior. This is
the basis for the statistical tests for Gaussianity and linearity using the bispectrum described
by Hinich (1982) and others. The three frequency components may also be statistically
dependent, not from a nonlinear interaction but from linear mechanisms which result in
harmonics of some fundamental frequency. In this case the time series can be thought of as
a periodically time varying (i.e., nonstationary) process. The bispectrum can indicate the
presence of these nonstationarities due to their statistical dependence of distinct frequency
components. Thus harmonically related signals can be identified in the bispectrum. Also,
if a time series is linearly time varying (e.g., transient), it will have frequency components
that are statistically dependent. Therefore, transient signals will produce a nonzero
bispectrum. In this brief discussion we have identified that quadratic nonlinear signals,

harmonically related signals, and transients can result in nonzero bispectral signatures.

a




2.1.2 Formal Definition and Properties

Higher order spectra of a random process are often referred to as cumulant spectra.
The nth order cumulant function of a random process X(t) is defined in terms of the
characteristic function of the random process by

n Sn‘n¢(a1, s e ey an)
[X(t), X(t+14), . . ., X{t+th.1))n = (-1) A= =a.=0 2.4
88188[] 1=. . =™
where the characteristic function is defined as
d(ay, . .., an) ={exp{i(@X(t) + apX(t+ty) + ... + apX(t+t )} . (2.5)

The square brackets [] denote the cumulant function. One property of the characteristic
function is that if any subset of the X(t;) are independent of the rest of the X(t;), then the

characteristic function factors. For cxample, if X(t), ..., X(t+1,.¢) are independent of
X(t+7,), . . ., X{t+Tp.1), then the characteristic function is
¢(a1, e ey an) = @(31, « ey ar)¢(af+1, e ey an) . (2.6)

If the characteristic function factors, then the nth partial derivative of the characteristic
function given in Eq. (2.4) is zero and the cumulant function is thus zero. This
demonstrates an important property of the cumulant function: the nth order cumulant
function is nonzero only when there is statistical dependence between the n elements of the

cumulant function.

If the random process X(t) is stationary, then there exists a process Z(w) with

orthogonal increments such that
X(t) = J- etedZ(w) . 2.7

The nth order cumulant of X(t) can then be written as




(X(t), X(t+1,), ..., X(t+T_ )] =

The nth order cumulant of X(t) is nonzero only when the nth order cumulant of the

i(w1+.”+mn)t i((L)1T‘f...f'

mnwrn-\)
e e [0Z(w), - (2.8)

Q"—;g

orthogonal increments dZ(w) is nonzero. However, because the increments are
orthogonal, their cumulant is nonzero only if all of the n frequencies are not distinct.
Furthermore, because X(1) is stationary, its nth order cumulant is independent of t, which is
true in general only for the case wy +. .. + W, = 0 due to the presence of the exponential
eter . +0Jtn the integral. This case satisfies the requirement that the n frequencies not be

all disunct. Thus the nth order cumulant of X(t) is

(X(t), X(t+1), ..o, X+t a =

c ml(wt«,. o’H
J. je [0Z(®,), . . ., dZ(@,)], (2.9)

forwq +...+ wn =0, and zero otherwise.

If we now define a function Pp(w;, . . ., @, 1) such that

dPy(@,, ..., 0 ) =[dZ(w),...,dZ(o ), d(o,...-o )], , (2.10)

then if Py is continuous it can be written as
dPp(@,, ..., 0 ) =Py, ..., 0 Hdo, ... do (2.11)

and Eq. (2.9) can be written as

[X(t), X(t+t), ..., X({t+1)]a

e . i(oo‘x:‘+...+oon”H
=J,,,Je Pa(0, .,mn>1)dw1...dw
=S:_1{pn(w1,...,wn_1)} . (2.12)

Thus the nth order cumulant of X(t) is the inverse Fourier transform of the function pp.

This function is referred to as the nth order (cumulant) spectral density function of X(t). It
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the cumulant function is integrable, then the nth order spectral density function can be

written as the Fourier transform of the cumulant function:

Pa(@ - @ ) =3 (X, Xt ) (2.13)

Brillinger (1975) has shown that if X(w) is the finite Fourier transform of X(t),
N-1 A
X(w) = 2 X(t)e'™ (2.14)
t=0

then the cumulant of the Fourier transforms is equal to the nth order spectral deasity

tunction plus lower order terms:

[X(0,), X(@y), . .., X(-00,-00, . .. -0 )]q

=2m"' Np, (@,,...,0_)+0(1) . (2.15)

Equation (2.13) is the formal definition of the nth order spectral density function
and assumes, among other things. that X(t) is stationary and has an nth order cumulant that
is integrable. [f in addition X(t) has a finite Fourier transform, then the nth order spectral
density function can be expressed as Eq. (2.15). As a result of the independence property
of cumulants discussed above, Eq. (2.15) shows that the nth order spectral density

function is zero unless the Fourier transforms are statistically dependent.

The lowest order spectral density function (n=2) is just the power spectrum. For a
zero mean process X(t) the second order cumulant is equal to the second order expected
value:

[X(0), X(t+D)1, = (X() X(t+1)) = R(D . (2.1

Equation (2.13) then yields the familiar definition of the power spectrum as the Fourier
transform of the autocorrefation function R(t). Equation (2.15) yields the expression for
the power spectrum as the expected value of the magnitude squared of the Fourier
ransform of the time series, as given in Eq. (2.1, The next higher order spectral density

function (n=3) is the bispectrum. For a zero mean process the third order cumulant is




equal to the third order expected value, so Eq. (2.15) simplifies to Eq. (2.3) for the case of

the bispectrum.

2.1.3  Principal Domain of the Discrete Time Bispectrum

For a real, discrete time series X(j), the bispectrum is defined over the (04,05)
plane given by { -t < g <7, -1 <w, < w}. However, because of various symmetrics in
the bispectrum many regions of the bispectrum are equivalent. In this section these
svinmetries will be described and the principal domain (the region that contains within it no

cquivalent values) will be defined.

It X(w} is the Fourier transtorm of the discrete time series X(j). then following

Eq. (2.15), the bispectrum is
B(ws,wg) = X(w)X(w2)X(w3)), (2.17)
where

w3=2nn- (W +w2), Nn=0,1. (2.18)

The value of n is restricted to 0 and 1 because for any other values there are no values of

4. Wy, and m3 in the domain from -x to & that satisfy Eq. (2.18). It can be seen trom
Eq. (2.17) that the value of the bisnectrum is not changed if any pair of frequencies is

interchanged. This observation leads to the following symmetry relationships:

B(wy,w2) = B(ws,w1) , (2,190
B(wi.m2) = B{wa.wq) , (2.19)
B(wy,w2) = B(w3z,un) . (2.19¢)

Forn =0, Egs. (2.19b) and (2.19¢) can be written as

B(wy,m7) = B(-m1-02,049) , (219
B(mw1.m2) = B{-m1-mo.mp) . (2otoe
N

[ a




For n = 1, these symmetry relationships are given by
B(w1,wp) = B2r-01-wp,01) , (2.19f)
B(w1,m2) = B(2n-w1-w2,w2) . (2.19g)

One additional symmetry relationship results from the assumption of a real time series:

B(my,w2) = B (-01,-wp) . (2.19h)

Using these symmetries, a principal domain of the bispectrum can be defined.
From Eq. (2.19h), it follows that the regions of the (¢, w5) plane shown in Fig. 2.1(a)
are equivalent. Thus it is only necessary to consider the upper half of the plane (positive
wp). From Eq. (2.19¢), the two triangular regions shown in Fig. 2.1(b) are equivalent.
Combining Eq. (2.19¢) with Eqs. (2.19h) and (2.19a), it can be seen that the two
triangular regions in Fig. 2.1(c) are also equivalent. Thus it is necessary to consider only
positive values of both w4 and ws.

Applying Eq. (2.19a) to the positive (w1, ®W5) quadrant results in two halves of the
quadrant being equivalent, as shown in Fig. 2.2(a). Equation (2.19f) implies that the two
triangles in Fig. 2.2(b) are equivalent, while Eq. (2.19g) implies that the two triangles in
Fig. 2.2(c) are equivalent. No other symmetry relationships can be applied to further
eliminate equivalent regions in the bispectrum. Thus the principal domain is the triangular

region shown in Fig. 2.3(a).

Although this triangular region is the principal domain, if the time series is a
stationary, continuous time function that has been low pass filtered prior to digitizing such
that there is no energy above the Nyquist frequency (no aliasing), then the bispectrum
should only be nonzero in the triangular region shown in Fig. 2.3(b) (Hinich and
Wolinsky, 1988). This result is due to the fact that it is only within this triangular region
that the sum w4 + 5 is less than the Nyquist frequency. Thus with proper filtering it is

only necessary to compute the bispectrum over the isosceles triangle shown in Fig. 2.3(b).
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FIGURE 2.3
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2.2 ESTIMATION OF THE BISPECTRUM

2.2.1 The Unnormalized Bispectrum Estimate: Averaging in Frequency
and in Time

The estimator used to estimate the bispectrum for the analysis presented in this
report was developed by Hinich (1982) and is based on a discrete Fourier transform of the
data. For the discrete time series x(t), t=0, 1, .. ., N-1, the discrete Fourier transform is
given by

N-1

-iont
xye g, j=0,1,... . N-1 . (2.20)

X() = -

—~
1§
o

The frequency associated with the jth component is

_L | = _”
fJ_N fs,j—0,1,..., >

'(N'j) . N o)
A S L - N - 7
=N fo ) 2+1,...,N1 , (2.21)

where fg is the rate at which the time series was sampled. The discrete Fourier transform is

computed using an FFT algorithm.

A consistent estimate of the bispectrum (one whose expected value approaches the
true value and whose variance goes to zero as N approaches infinity) can be constructed

using an FFT of the time series. The expected value of the complex function
Fljk) = N2 X(j) X(k) X (j+k) (2.22)

is equal to the bispectrum B(f;fy) plus terms on the order of N-1. Thus F(j,k) ix an
unbiased estimate of the bispectrum. However, it is not a consistent estimate ol the
bispectrum because its variance increases with N. To obtain a consistent estimate, cither
the function F(j,k) can be averaged in frequency, or multiple realizations of F(j k) can be

averaged in time, or both.

To average in frequency, the function F(L.K) is averaged over adjacent values i a

square of M2 points centered at the points

13




@m-1)M -1 2n-1)M - 1 )

(Qin.gn) = ( 5 ' 5

where [-] denotes the "greatest integer not exceeding” function. Thus the frequency

averaged bispectrum estimator is given by

- mM-1 nM-1 ‘
Bmn)=M" Y > F(K
=m-1M  k=(n-1)M

{j,k:O<js%,O<ksj,2j+ksN} . (2.23)

It the bispectrum is slowly varying over the square and if the power spectrum is slowly
varying over the band of width M centered at the appropriate frequencies, then the variance
of this estimator is given by

VAR B(m,n) = N M Q(m,n) P(fy..) P(fg.) P(fgmeq.) + OIM/N) (2.24)

where Q(m,n)=M2 if the square is entirely within the principal domain; otherwise it is
equal to the number of (j,k) within the square but not on the boundaries j=K or 2j+k=N
plus twice the number of (j,k) on the boundaries. P(:) is the power spectrum of the time
series. From Eq. (2.24) it can be seen that the estimator given by Eq. (2.23) is a consistent
estimator for values of M given by

YN<M< N . {

't
t
" h

The bias increases and the variance decreases as M increascs.

To average the bispectrum in time also, the time series can be divided into
L segments, each of length N, and the bispectrum is estimated (and possibly averaged in
frequency) for each segment and all L estimates are averaged together. I cach of the

L bispectrum estimates is uncorrelated, the variance of this coherent average is just

14




VAR Bym,n) = w . (2.26)
In this case, consistency is obtained for values of L and M given by
N M<N . (2.27)

L

Thus consistency can be obtained by averaging in time as well as frequency.

The tradeoffs between frequency and time averaging can best be understood by
examining the variance of the bispectrum estimate. From Eqs. (2.24) and (2.26), it can be

seen that the variance of the bispectrum estimate is proportional to

N_
LMm?

where N is the length of the FFT, L is the number of bispectra that are coherently averaged
in time, and M is the size of the square over which the bispectrum is averaged in frequency.
The total number of samples used to estimate the bispectrum is NL. The resolution of the

bispcctrum in frequency is given by

Mt
N ’

where fg is the sampling rate. If, instead of estimating the bispectrum with FFTs of length
N and coherently averaging L bispectra, the bispectrum is estimated with a single FFT of
length N'=NL but with the same sampling rate, and then, if this bispectrum is averaged in
frequency over a square of size M'=ML, the variance and the resolution are the same as the
bispectrum estimate using FFTs of size N. Thus, averaging in frequency and averaging in
time are equivalent if the appropriate choice of M is made. The advantage of dividing the
time series into L segments of length N and averaging in time is that it requires significantly
fewer caiculations and can thus be performed faster and with less storage requirements than
computing one bispectrum using NL samples. The potential liability of this approach is
that if the resolution of the FFT is significantly coarser than the bandwidth of the nonlinear
component, the presence of the nonlinearity will be reduced in the bispectrum. Thus the
best choice of N, M, and L is, as is usually the case, to some extent data dependent.

15




As can be seen from the above expressions, decreasing the value of M improves the
resolution but increases the variance of the bispectrum estimate. This increase in variance
can be offset by coherently averaging the bispectrum over a longer time, i.e., increasing L.
However, since L is related to the variance by L-1 whereas M is related by M2, decreasing
M by a factor of 2, for example, requires increasing L by a factor of 4 to achieve the same
variance. In practical situations there are almost always limits to how much L can be
increased, the limiis being determined by the stationarity of the time series. Thus the
frequency resolution of the bispectrum that can be achieved in practice depends on the
stationarity of the time series. Furthermore, the improvement in resolution that can be
achieved is not linear with the increase in coherent averaging time, but instead goes as the

square root of the increase in averaging time.

2.2.2 The Normalized Bispectrum: Statistical Properties

The bispectrum can be normalized to produce a quantity whose asymptotic statistics
can easily be calculated. The asymptotic distribution of the estimator given by Eq. (2.23) is
complex normal and independent for each frequency pair. Thus the distribution of the

normalized bispectrum given by

2|B(m,n)2

= (2.28)
VAR B(m,n)

Xz(m»n) =

is asymptotically noncentral chi-square with two degrees of freedom and noncentrality

parameter
AMmn) = —2 R o), (2.29)
N M Q(m,n) (amar)
where
Y(fgmfgn) = 1Bgn g0 (2.30)
7P (fgm) P(fg,) P(fgmegn)

is called the skewness function. If the time series is Gaussian, its skewness function will
be zero for all frequency pairs and the distribution of the normalized bispectrum is just a
central chi-square with two degrees of freedom (the noncentrality parameter will be zero).
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This in.. aes that an a priori threshold can be estimated for the normalized bispectrum such

PY that values of the normalized bispectrum that exceed the threshold can be said to be
representative of a non-Gaussian time series with a probability of false alarm that is related
to the threshold. Thus the normalized bispectrum can be used to discriminate between
Gaussian and non-Gaussian time series (Hinich, 1982).

o

In practice, an estimate of the normalized bispectrum given in Eq. (2.28) requires
an estimate of the variance of the bispectrum estimate, which in turn requires an estimate of

the power spectrum in the expression for the variance. If the power spectrum is estimated

® by

P(j) = NIX(j)2 (2.31)

® and is smoothed over a band of at least M adjacent values (or averaged in time), then this
estimate of the normalized bispectrum using the estimated power spectrum will also be
asymptotically noncentral chi-square distributed with two degrees of freedom and the same
noncentrality parameter. If the bispectrum is coherently averaged over L segments, then

PY the distribution of the normalized bispectrum after averaging is still noncentral chi-square
with two degrees of freedom but with noncentrality parameter LA(m,n).

A sliding average can be used to average both the power spectrum and bispectrum
® in time. The temporal average of the power spectrum for L records is given by

L1
PUj)+of Y, a"") P ()
k=1

L) =

3 : (2.32)
° 3 okl
k=1

where 0 < a <1 and Pf)a) = 0. A similar expression for the time averaged bispectrum can
® be obtained. Block averaging results when (a=1).

If a sliding average is applied to the bispectrum, then its variance is given by




(o 1P

VARB{® (mn)=K=1

M-

—_

VAR B(m,n) , (2.33)

-

where VAR B (m,n) is the variance of the bispectrum given by Eq. (2.24) (ignoring terms
on the order of M/N) with the averaged power spectrum used as the estimate of the power
spectrum. For block averaging (a=1), the ratio of the two summations in Eq. (2.33) is just
Lt

From a detection point of view, the issue is how large the normalized bispectrum
statistic given by Eq. (2.28) has to be in order to confidently reject the Gaussian noise only
hypothesis and assert that a non-Gaussian signal is present. Shown in Fig. 2.4 is a plot of
the probability of false alarm as a function of the normalized bispectrum value based on the
central chi-squared distribution function with two degrees of freedom. The plot is
approximately linear on a log false alarm scale with a slope of 4.6 per decade. To operate
at a false alarm rate of 103, one would reject the hypothesis that noise only is present (the
normalized bispectrum statistic is central chi-square distributed rather than noncentral chi-
square distributed) for values of the normalized bispectrum statistic that are 13.8 or larger.
Since the mean value of the normalized bispectrum statistic is equal to the noncentrality
parameter, then the noncentrality parameter must be 13.8 or larger to achieve a probability
of detection of 0.5 at this false alarm rate. This result is based on detection at a single point
in the bispectrum. Summing the bispectrum over its principal domain can also be used to
detect the presence of a non-Gaussian signal (Hinich, 1982).

2.3 THE BISPECTRUM WATERFALL

It is typical to view the time history of the power spectrum in a waterfall display
format, where the vertical axis is time and the horizontal axis is frequency. Because the
bispectrum is a function of two frequencies, it is not possible to directly display it in a
waterfall format. However, it is possible to reduce the two-dimensional bispectrum to a
form that is amenable to a waterfall display format. This is done by summing over the

principal domain all values of the normalized, averaged bispectrum x2(m,n) such that the
sum of the two frequencies (fgm.fgn) is constant
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W= Y  xmn) . (2.34)

m,Nn: M+N=i

The frequency pairs that satisty this constraint lie along a diagonal as shown in Fig. 2.5.
Fhis summation is repeated for all frequencies (fg,.fg,) that are represented in the Fig.2.5
bispectrum. In this way the two-dimensional bispectrum has been collapsed to one
dimension and can then be displayed (with loss of information) as a function of time in a

waterfall tormat, much like a power spectrum waterfall.

Since the bispectral estimate at cach frequency pair is asymptotically independent,
then under the assumption of Gaussianity each value in this waterfall will asymptotically
have a central chi-square distribution with 21 degrees of freedom, where 1 is the number of
bispectral values included in the summation in Eq. (2.34). Since the mean and variance of
a chi-square distributed random variable are proportional to the degrees of freedom, values
of the watertall at higher frequency values will have a larger mean and variance than values
at lower frequency values. This tends to produce an uneven display that hinders detection.
The summation in Eq. (2.34) can be scaled by the number of terms in the summation, thus
causing the mean values of the waterfall to be independent of frequency and resulting in a
variance that decreases at higher frequencies. The summation can also be restricted to
include only those values that exceed a specified threshold, so that the number of degrees
of freedom is determined by the number of large bispectral values rather than by the
frequency. This latter approach is illustrated in Fig. 2.6, where a signal with a bispectrum
at a single point has been added to Gaussian noise. The presence of the bispectral signal is
much more obvious in the waterfall than in the full bispectrum, demonstrating the
usefulness of the waterfall presentation for detecting the presence of bispectral signals in

noise.
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3. DETECTION OF NON-GAUSSIAN SIGNALS IN NON-GAUSSIAN
NOISE

It is shown in Hinich and Wilson (1990) that the statistic

2um*Q'(mn)  [BN(m,n) = Bo(m,n)P

CH(m,n) = '
N Ps+n(tgn)Psen(fg)Pssn(fgmegn)

(3.1)

where Bp is the bispectrum of the noise, Ps4n is the signal-plus-noise power spectrum,
and B(N) is a consistent estimate of the measured bispectrum such as given by Eq. (2.23),
1s approximately a central chi-square random variable with two degrees of freedom under
the null hypothesis of noise only. Under the alternative hypothesis of signal plus noise it is

a noncentral chi-square random variable with noncentrality parameter given by

2LM* QY (m.n)

A(m,n) =
0 N (1+p7 (fg.))(1 4+ (tg.)) (1497 (fgegn)

B(fgnfa) (3.2)

where v, is the skewness function of the signal and p is the signal-to-noise power ratio:

3.3)

In Egs. (3.1) and (3.2) it is assumed that a block average in time of L records is applied. If
a sliding average is applied, the factor L is replaced by the appropriate ratio of summations
that appears in Eq. (2.33). Detection occurs when the value of the statistic given by
Eq. (3.1) exceeds a threshold determined by the central chi-square distribution (see
Fig. (2.5)). Since the mean value of Eq. (3.1) is equal to Eq. (3.2), the value of the
noncentrality parameter given by Eq. (3.2) determines the detectability of the signal.

From Eq. (3.2) it can be seen that several factors contribute to the value of the
noncentrality parameter. One is the skewness function Yy which is a characteristic of the
signal. one is the S/N p, which is a characteristic of the signal and noise power levels, and
the rest are characteristics of the processing. Given that a signal has a nonzero skewness
function, then there is a tradeoff between S/N and processing parameters that determines if
the nonzero skewness will result in a sufficiently large noncentrality parameter to allow its

detection at a given false alarm rate. For small values of the skewness function, the
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processing parameters and S/N have to be such that their product, given by Eq. (3.2),
remains large enough to produce a sufficiently large noncentrality parameter for detection.
The noncentrality parameter has a linear dependence on the number of temporal averages L,
a quadratic dependence on the number of frequency averages M (Q is equal to M? except
on the boundaries of the principal domain), and an approximately cubic dependence on S/N
(for low S/N). This implies that if the S/N decreases by a factor of 2 (3 dB), then it is
necessary to either increase the number of temporal averages by a factor of 8, increase the
number of averages in frequency by a factor of \f8_, or increase both the frequency and time
averaging such that the product LM? increases by a factor of 8, in order to retain the same

level of detectability.

Equation (3.2) demonstrates the essential relationship between signal
characteristics, noise characteristics, and processing parameters that determines the
detection performance of the bispectrum. To determine the viability of bispectrum
processing for detection of non-Gaussian signals, it is essential to know the skewness
function of signals of interest. Given a skewness function, the processing parameters
necessary to achieve detection as a function of S/N can then be determined. It should also
be noted that Eq. (3.2) is relevant for "narrowband” detection, i.e., detection at a single
point in the bispectrum. One can also consider "broadband” detection in which the
detection statistic is based on bispectrum values over the entire principal domain. Examples
of the detection performance as a function of these parameters for the broadband case can
be found in Hinich and Wilson (1990), which is included in Appendix A of this report.
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4. TIME DELAY ESTIMATION USING THE CROSS-BISPECTRUM

4.1 TIME DELAY ESTIMATION BASED ON THE PHASE OF THE
CROSS-BISPECTRUM

Following the formal definition of higher order spectra for a single process in

Section 2.1.2, the cross-bispectrum can be written as
Bii2(wy, wp) = So{[X1(t+11) Xq(t+12) Xo(t)]} (4.1)

where X1(t) and X2(t) are two stationary zero mean random processes. By arguments
similar to those given in Section 2.1.3, it can be shown that the principal domain of the
cross-bispectrum is given by the region in Fig. 4.1(a). The support sct is given by
Fig. 4.1(b). The cross-bispectrum can be estimated in a manner completely analogous to
the bispectrum estimate given by Eqs. (2.22) and (2.23).
If X4(1) is just a time delayed version of Xo(t), then

B112(m,n) = Byqy(m,n) gi2rtmnt 4.2)

Thus Bq12 is just a phase shifted version of B111:

9112(m'n) = 9111(m-n) + 27“\'“44'{t ' (43)

where 0142 and 0411 are the phases of the cross- and auto-bispectrum, respectively.
Several non-parametric methods for estimating this time delay have been put forth that
essentially rely upon estimates of the cross- and auto-bispectrum phases. (Nikias and Pan,
1988).

The obvious estimator of the phase of the cross-bispectrum is just

0
®y12(m,n) =tan ! [MJ , (4.4)
Bfih(m.n)
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where B(, 1)2 and 8(1 1)2 are just the imaginary and real parts of a consistent estimate of the
cross-bispectrum. The estimate of the auto-bispectrum phase is similar. In Hinich and
Wilson (1989) we derived the variance and distribution of this phase estimator and showed

that the exact distribution could be approximated by a Gaussian distribution in most cases.
If the time delay is estimated from Eq. (4.3) as

®y12(m,n) - dyy4(m,n)

T(m.n) = ot
m+n

, (4.5)

then it can also be approximated by a Gaussian distribution since it is just the scaled
difterence between two approximately Gaussian random variables. The variance of the

phase difference in additive Gaussian noise was shown in Hinich and Wilson (1989) to be

2NM2Q ' (m,n) ‘r
Lyt
x {1-Re WY fo,m) e-i2tmrt] } (4.6)

VAR{(Dng(m,n) - (DH‘I(m-n)}:

140 )l 1497 ()} ()

NY ¢ .
where Wﬂ 2)(f) is the coherency spectrum of the noise:

P

VP PR

Wio(f) = (4.7)

The effects of signal skewness, processing parameters, S/N, and noise coherence on the
vanance of the time delay estimate are clearly demonstrated in Eq. (4.6). Specific examples
of the eftects of these parameters are described in Hinich and Wilson (1989), which is

included as Appendix B of this report.
4.2 AN ALTERNATIVE TIME DELAY ESTIMATOR

[t we detine an esumator Sg(i) such that

Sgll) = Z B112(m,n) 6111(m.”) ' (4.8)

(M.N)M+N=i




where B112 and B111 are consistent estimators of the cross- and auto-bispectrum

respectively, then

E{Ss} = X Biraltmte) Biti(ima) + NP1(fm)P 1 ()P i2(fmen) - (4.9)

(m,n):m+n=i

This equation derives from the expression of
E{X1(m)X1(n)Xg(m+n)X2(m)X1(n)Xz(m+n)} in terms of its cumulants and the

relationship between the cumulants of DFTs and cumulant spectra given by Brillinger
(1975). If we define

& n Sg(i)
Sr(i)= 4.10)
P1(fm)P1(fn)P12(fm+n) (
and
- By12(m,n)
Cy12(m,n) = (4.11)
¥ Py (fm)P1 (fn)PZ(fmm)
and similarly for I"y44 , then we have
E{Sr()} = Sr(h) + NIOWrt) (@.12)
where
Sr(f)= Y, Tiramta) Crvi(fmfn)
(m,n):m+n=i
= cross-skewness spectrum , (4.13)

and I(i) is the number of terms in the sum in Eq. (4.8). We can see from Eq. (4.2) that if
X1(t) is a time delayed version of X2(t), then the phase of the cross-skewness spectrum is
just 2nfimen T and its magnitude is the sum of the square of the skewness function over all
(m,n):m+n=i. Thus the time delay can be estimated directly from the phase of the cross-
skewness spectrum and the magnitude of the cross-skewness spectrum at each frequency is

related to the square of the skewness function of the signal.
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The cross-skewness spectrum thus has characteristics similar to the cross-power
spectrum. If in analogy to the cross-skewness spectrum we define a cross-skewness
correlation r(t) as the Fourier transform of the cross-skewness spectrum, then r(t) will
have many of the properties of a crosscorrelation function. For a broadband non-Gaussian
signal, the cross-skewness correlation will have a maximum at the time delay T’ and be near
zero elsewhere. Thus the cross-skewness spectrum and correlation can serve as useful

tools for measuring the time delay of broadband non-Gaussian sources.







APPENDIX A

DETECTION OF NON-GAUSSIAN SIGNALS IN NON-GAUSSIAN
NOISE USING THE BISPECTRA (Hinich and Wilson (1990))

('This paper has been published in IEEE Trans. Acoust, Speech,
and Signal Proc. 38(7), pp. 1126-1131 (1990)).
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Detection of non-Gaussian signals in non-Gaussian noise using the

bispectra

Melvin Hinich and Gary R. Wilson, Applied Research Laboratories, The

University of Texas at Austin, Austin, Texas 78713-8029

Bispectrum analysis provides a means of testing a stochastic time
series for non-Gaussianity (including nonlinearity). For cases of
practical interest, the non-Gaussian time series may be partially
masked by either Gaussian or non-Gaussian noise. In this paper we
cast the problem of detecting a non-Gaussian time series in the
presence of additive Gaussian or non-Gaussian noise into a classical
hypothesis testing framework, using the sample bi#pectrum as the test
statistic. The power of the test is demonstrated as a function of
signal-to-noise ratio, the degree of skewness of the signal, and
processing parameters. The results are compared to the power of a

classical energy detection test.

INTRODUCTION
The bispectrum is becoming a wuseful and practical tool for
non-Gaussian time series analysis and diagnosis in fields such as
biomedicine (Barnett, et al, 1971), fluid mechanics (Lii, et al, 1976},
oceanography (Hasselmann, et al, 1963), plasma physics (Kim and Powers,
1979), geophysics (Hinich and Clay, 1968), and economics (Hinich and
Patterson, 1985). A recent tutorial on bispectrum estimation has been

provided by Nikias and Raghuveer (1987). Since most realistic
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measurements are corrupted by inte:fering noise, and in some cases
dominated by noise, application of the bispectrum to experimental
neasurements of a time series requires an understanding of the effects of
interfering noise on the bispectral measurements.

In this paper we are only concerned with the effects of noise on the
ability of the bispectrum to detect the presence of a non-Gaussian time
series. The effects of noise on the accuracy of a bispectrum estimate is
not directly addressed. Using the bispectrum as a test for Gaussianity of
a time series has been described by Hinich (1982) for the signal only
case. In this paper the ability to test for Gaussianity of a time series
in the presence of independent noise is demonstrated as a function of
signal-to-noise ratio (SNR). 1In Section I the problem is posed in a
classical hypothesis testing framework. In Section II the bispectrum is
defined, followed in Section III by development of the bispectrum test
statistic to address the hypothesis test specified in Section I. The
power of this test for a specific signal and noise case is demonstrated in
Section IV, and compared to the power of a standard energy detection test
in Section V.

I. SIGNAL MODEL

Suppose that we observe a signal {s(t)} plus noise {n(t)}, where the
{s(t)} is a non-Gaussian (possibly nonlinear) stationary random process
and {n(t)} is in general also a non-Gaussian stationary process. Let s(t)
have a power spectral density ss(f) and bispectrum Bs(fj'fk)' Similarly,
let the noise n(t) have a power spectral density S (f) and bispectrum

Bn(fj,fk). We will use a classical hypothesis testing framework to
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determine the detectability of this non-Gaussian signal in additive noise
from a finite sample of the input signal.

Let {y(t)} denote the input signal that we observe for a finite time
using an equally spaced discrete-time sampling method that avoids any
aliasing. We use the standard convention that t is an integer, which
means that the sampling interval is set equal to one. Under the null
hypothesis that there is no signal present in the observed record,
y(t)=n(t) for t=1,...,N where N is the sample size. If the signal is
present, y(t)=s(t)+n{t). We present a test of these compound hypotheses
for a given false alarm probability « under the following assumptions
about the signal and noise.

{1) All the moment functions exist for the signal and noise.

(2) The signal and noise are M-dependent. That is, for any
tl,...tn, {s(tl),,,s(tn)} and {s(t:1+m),...,s(t:n m)} are independent for
m>M, and similarly for n(t).
This is a strong form of a "short memory" assumption that is needed to
obtain the asymptotic Gaussian distribution that we need. It is, however,
the most intuitive of the standard mixing conditions used to prove
asymptotic results. These two assumptions guarantee that the signal and
noise spectrum and the polyspectra of all orders exist. We will use the
estimated bispectrum of a sample of the observed y(t)’'s to detect the
non-Gaussian signal. Let us now review the definition of a bispectrum and
its use as a tool to study non-Gaussian random signals.

II. THE BISPECTRUM
The bispectrum of a discrete-time signal is a periodic function in

two frequency indices. Let {y(t)} denote a real zero mean stationary




continuous-time random signal. Assume all expected values, sums, and

integrals used below hold. The bicovariance function of the process is

c(u,v)=Ey(t)y(t+u)y(t+v), which does not depend on t since the process is

stationary. 1Its Fourier transform
B(f,g) = [ c(u,v) exp(-i2n(fu+gv)]dudv (1)

is called the bispectrum. The bispectrum’s symmetry lines are f=g,
f=h(2f=-g), and g=h(2g=-f). Another symmetry holds since c(u,v) is real,
namely B(-f,-g,-h)=B*(f,g,h), where * denotes complex conjugation. This
symmetry yields the symmetry line f=-g (Fig. 1). Thus the pointed cone
C={f,g: 0<f,g<f} is a principal domain of this continuous time bispectrum
in the (f,g) plane.

Now consider the discrete-time sequence {y(n)} where the sampling
rate f  is greater than 1/2. The bicovariance function of this sampled
version of {y(t)} is really an array {c(j,k): j,k=0,(+/~)1,(+/-)2,...}.
Then the bispectrum of the sampled data is defined, analogous with (1), to
be given by the Fourier transform in two indices:

Bo(f,g) = zjzk c(j,k) exp[-i2n(f+g] . (2)

The sampling introduces an infinite set of parallel symmetry lines
2f+g-n, 2f-g=n, f+2g=n, and f-2g=n. The cone C is only cut by the
symmetries 2f+g=n, and thus the principal domain of B, is the triangle
{£,9: 0<£<1/2, g<f, 2f+g<l} in the cone C. 1If the discrete-time sequence
is stationary and unaliased, then the bispectrum of the sampled data can
be non-zero only in the triangle defined by {f,g: 0 < f <1/2, g < f,
f+g < 1/2} (Hinich and Wolinksky, 1988). Let us now drop the zero

subscript on B to simplify the notation.
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III. BISPECTRUM TEST STATISTICS

Given a sample of the signal {y(1l),...,y(N)}, let B(N)(fj,fk) denote
a consistent estimator of B(fj,fk) for a sample of size N of {y(n)}. This
estimator can be computed directly by smoothing the sample bicovariance
(Rao, 1983), smoothing the sample bispectrum in the bifrequency domain
(Hinich, 1982), or by dividing the sample into pieces and averaging the
piecewise sample bispectra and then doing bifrequency smoothing (Lii and
Rosenblatt, 1982). Parametric methods can also be used to estimate the
bispectrum (see Nikias and Raghuveer, 1987).

Let Ay denote the bandwidth of the bispectrum for the smoothing
method used. For example, if the sample of length N is divided into L
pieces and the L piecewise sample bispectra are averaged and the result is
then smoothed in bifrequency over a square whose sides are of length M,

LM . .
then &y = ~ Assume (to satisfy consistency) that 4,=O(1/iN). Under
some short memory restriction which holds for the M-dependence stated in
assumption (2), Brillinger and Rosenblatt (1967) or Rosenblatt (1985) show

that for large N, the distribution of

ANNI/Z[B(N)(fj,fk) - B(fj,fk)]/[Sy(fj)sy(fk)sy(fj+k)11/2 (3)

is approximately complex Gaussian NC(O,l) where S is the spectrum of the

Y
observed signal. This approximation is of order 0(1/N). Thus if Hy is
true, ANNl/ZB(N)(fj'fk)/[sy(fj)sy(fk)sy(fj+k)]1/2 is approximately a
complex Gaussian variate whose mean is Bn(fj,fk) and variance is 1.
Another equally important large sample result that follows from the
asynptotic results developed by Brillinger and Rosenblatt is that these
statistics can be treated as independent random variables over the grid in

the principal domain if the grid width is larger than or equal to the
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bandwidth, i.e., B(N)(fj,fk) and BNV (£ £ ) are independent for jek or

The asymptotic independence and Gaussianity imply that the statistic
cH(fs,£,) = 202n(BN) (£, £,)-B (£:,£,)|2/5,(£:)S,(£,)5 (£, ) (4)
"k A S R R y T3y TkITy ik

is approximately a central chi-square variate with 2 degrees of freedom if
Hy is true. If the signal is present and its bispectrum Bg is nonzero,
the CH(fj,fk) is approximately a noncentral chi-square statistic with

2 degrees of freedom and noncentrality parameter

A3k = 20N (B LES, 50 |2/8, (£5)8 (£)8,1€,,1) (5)
Artificial data analyses indicate that this approximation holds for
samples as small as N=256 if A=1AN (Ashley, Patterson, and Hinich,
1986).

If in expression (4) we replace Bn(fj’fk) with BﬁN)(fj,fk), (assuming
that we have a noise-only sample of the data) and the spectrum Sy at the
frequencies {fk} with a consistent spectrum estimator denoted S§N) whose
rms error is O(1/N), we then have a statistic that is approximately
chi-square 2 wunder the null hypothesis. Summing these approximately
chi-square statistics for all bifrequency pairs in the principal domain
yields a statistic whose distribution is approximately chi-square with 2K
degrees of freedom, where K is the number of bifrequency pairs for the
nonzero bispectral values in the principal domain (approximately N2/16).

For 8,=1/iN, K is given approximately by
2

K = [ Z%; ] : (6)

The detection test is to reject H, if the test statistic
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ToH = 20085 5 ) (BN (85, 808V (85, 50 1280 (805 (505 ™ (£, (1)

is greater than a threshold T, where Pr(x%K>Ta)-a and T, can be determined
from tables of the x2 distribution. The summation over the (j,k) is over
the support set of the bispectrum given by {j,k: 0 < j <1/2, k < j,
j+k € 1/2} The false alarm probability is approximately a since the
distribution of TCH is approximately that of a X%K variate for large N.
Note that the detection test requires an estimate of the noise-only
bispectrum and an estimate of the spectrum of the data (or a priori
knowledge of the two). The statistical power of this test to detect a
non-Gaussian signal is a function of the noncentrality parameter A which
is the sum over (j,k) in the principal domain of the A(j,k) given by (5).
We discuss the power of the test in the next section.
IV. POWER OF THE TEST

From (5), the noncentrality parameter for che test statistic is

A= 2NOE TGy TelE5 E) / (Le™H(E5)) (L4eh(E)) (Leo 2 (£,

oK) (8)

where

Tgl£5,8,) = |Bg(E5 £) |2/55(£5)5 (£ )86 5, (9)

and p(f)-Ss(f)/Sn(f) is the signal-to-noise power ratio at the frequency

f. rs(fj'fk) is called the skewness function of the signal. Let us

define the weighted average skewness of the signal as FS, where

2
where w(f)-(p(f)+p(f)p'1)/Kp(f)+l) and p 1is an average signal-to-noise
ratio (SNR) across all the frequencies. The function w(f) weights the

skewness function of the signal by the SNR at each of the three
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frequencies f fk' and fj+k relative to the average SNR. If p(f)=p, then

jl
w(f)=1. Thus the noncentrality parameter is

P (11)

o)
It is clear from (11) that A is linear in I and approximately cubic in p
(for low SNR). It is also clear that the power of the test is dependent
on the skewness of the signal but independent of the noise skewness,
assuming that it is known or can be estimated.

The probability of detection is the probability that the detection
statistic given by (7) will exceed the threshold Ta, where the detection
statistic under the alternative hypothesis is noncentral chi-square with
2K degrees of freedom and noncentrality parameter given by (11). We will
now examine the probability of detection as a function of average SNR p,
weighted average skewness Ie, and processing bandwidth 8y- In all cases,
the probability of false alarm « was set to 10—3.

Shown in Fig. 2 is a plot of the probability of detection as a
function of average SNR for several values of the weighted average
skewness T . For these cases, N=10%, 4,=0.01, and K=625. Since the
noncentrality parameter given by Eq. 11 has a linear dependence on Iy and
approximately a cubic dependence on p, at low average SNR it is necessary
for T, to increase by a factor of 8 to achieve a 3 dB improvement in
detection performance. This behavior can be observed in Fig. 2. Also
because of the cubic dependence on p, the detection curves exhibit a rapid
increase in probability of detection from near 0 probability to near a
probability of 1 over a small SNR range of only 4-5 dB.

A slightly different display of the relationship between the weighted
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average skewness and the SNR is shown in Fig. 3. In this figure, the
value of the weighted average skewness needed to achieve a probability of
detection of 0.5 is plotted as a function of average SNR for the same
values of N, 4y, and K as given above. The average SNR needed to achieve
a probability of detection of 0.5 is often referred to as the minimum
detectable level (MDL). At low average SNR the cubic dependence can be
observed in the slope of the curve.

The noncentrality parameter also has a linear dependence on N, the
sample size. Thus it is necessary to increase the number of samples by a
factor of 8 for a fixed value of I, to achieve a 3 dB improvement in
detection performance at low average SNR. Figure 4 shows a plot of N as a
function of average SNR for a probability of detection of 0.5. For this
case, 08,=0.01, K=625, and r.=8.

It can be seen from the previous figures that the bispectrum detector
can detect non-Gaussian signals at low average SNR for reasonable sample
sizes and reasonable (in our experience) values of the weighted average
skewness. Thus it appears that the bispectrum can be used to detect a
non-Gaussian signal even in the presence of quite low signal-to-noise
ratios. We will now compare this performance to an energy detector.

V. COMPARISON TO ENERGY DETECTION

If we wish to detect the presence of the signal without using its
non-Gaussian property, a reasonable choice for the detector would be an
energy detector. Energy detection relies on the power of the signal only

and does not attempt to make use of any possible non-Gaussian properties

of the signal. Thus comparing the performance of the bispectrum detector




to the energy detector will serve to illustrate the effect on detection
performance of utilizing the non-Gaussian property of the signal.

The noise will be assumed to be Gaussian with zero mean and variance
cé. The signal is also assumed to have zero mean and variance poz, where
p is the average SNR, as before. Since the energy detector does not make
use of the non-Gaussianity of the signal, the signal will also be assumed
to be Gaussian. Thus the signal plus noise is zero mean Gaussian with
variance (1+p)d§. For the observed time series y(t), t=1,2,...,N, the

test statistic for the energy detector is

N2 2
TE = tEly(t)/oN . (12)
The energy detector requires a knowledge of the variance of the noise
process. If the variance of the noise is not known a priori, it can be
replaced by its sample estimate, assuming a sample of the noise only
process is available. Under the null hypothesis of noise only, TE is a
central chi-square variate with N degrees of freedom. Under the
alternative hypothesis of signal plus noise, TE/(l+p) is central
chi-square N. The detection test is to reject the null hypothesis if the
test statistic TE is greater than a threshold Ta, where Pr(x£>Ta)=a, and o
is the probability of false alarm. The probability of detection is the
probability that TE/(l+p) will exceed Ta.

Figure 5 shows the probability of detection as a function of SNR for
the energy detector for cr.=10—3 and several values of the sample size N.
Because of the linear dependence on SNR, in contrast to the cubic
dependence of the bispectrum detector, the transition region from low to
high probability of detection is more gradual. For a probability of

detection of 0.5, Fig. 6 contains a plot showing the sample size required

44




to achieve detection at a specified SNR. For low SNR, the sample size is
required to increase by a factor of 4 to achieve detection at a 3 dB lower
SNR.

A comparison of the detection perfcrmance of the bispectrum detector
and the energy detector can be made from Fig. 7. The SNR required to
achieve a probability of detection of 0.5 at a false alarm rate of 1073
for a specified sample size for the energy detector and the bispectrum
detector is shown in this fiqure. The detection performance of the
bispectrum detector depends not only on the sample size and the SNR, as
the energy detector does, but also on the value of the weighted average
skewness. Detection performance curves are given for the bispectrum
detector for two values of the weighted average skewness in Fig. 7.
Obviously, the larger the weighted average skewness, the better the
bispectrum detector will perform. This example just demonstrates that if
the signal is sufficiently non-Gaussian, the bispectrum detector can
detect it at a lower SNR than the energy detector could detect a Gaussian
signal with the same sample size. If the enerqgy detector were presented
with a non-Gaussian signal or non-Gaussian noise, its detection
performance is likely to be even worse than the optimum results presented
here (Machell and Penrod, 1989). On the other hand, the bispectrum will
completely fail to detect a Gaussian signal.

VI. SUMMARY AND CONCLUSIONS

Because bispectrum processing is becoming a more widely used tool in
time series analysis, it is useful to understand the behavior of the
bispectrum in the presence of practical measurement problems such as

interfering noise. In this paper we have focused on the ability of the




bispectrum to detect a non-Gaussian time series when that time series is
corrupted by non-Gaussian (or Gaussian) noise. The dependence on weighted
average skewness, sample size, and average SNR have been explicitly
identified and demonstrated. It was shown that for reasonable values of
weighted average skewness and sample size, the bispectrum can detect
non-Gaussian signals at quite low average SNR. It was also shown that for
reasonable values of skewness and sample size, the bispectrum will detect
a non-Gaussian signal at lower SNR than energy detection will detect a
Gaussian signal. Thus it is concluded that the bispectrum can be used
effectively to detect non-Gaussian signals in the presence of interfering
noise, and may perform better, depending on the degree of non-Gaussianity,
than energy detection. The results presented in this paper can be used to
determine under what conditions of weighted average skewness, sample size,
and average SNR the bispectrum can be used to detect a non-Gaussian

signal.
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Time delay estimation using the cross-bispectrum

Melvin J. Hinich and Gary R. Wilson, Applied Research Laboratories, The
University of Texas at Austin, Austin, Texas 78713-8029

The cross bispectrum phase can be effectively used to estimate the time
required for a non-Gaussian signal to propagate between a pair of
spatially separated sensors in the presence of highly correlated
Gaussian noise. In this paper we present a consistent estimator of the
phase of the cross bispectrum, derive the exact distribution of the phase
of a complex Gaussian sample bispectrum, and show that in most cases
the exact distribution can be approximated by a Gaussian distribution.
Using this Gaussian approximation, we derive the variance of the time
delay estimate computed from the sample cross bispectrum of a signal in
additive correlated noise. This results allows the performance of time
delay estimators based con the cross bispectrum phase to be quantified
as a function of the sample size, the skewness of the signal, the signal-to-
noise ratio (SNR), and the noise correlation.

INTRODUCTION

The estimation of the time required for a signal to propagate between two
spatially separated receivers is a fundamental approach for measuring the
direction of arrival of the signal relative to the axis of the sensors. Estimating
direction of arrival of a propagating signal is a standard signal processing task
in geophysics, acoustics, and astronomy, as well as in radar and sonar systems.

The most widely used approach to estimating time delay is to find the
peak of the sample crosscorrelation function of the outputs of the two sensors
(Hamon and Hannan, 1974, and Knapp and Carter, 1976). This approach
works well it the signal is highly correlated and the noise is uncorrelated. In
cases where the noise is correlated, ambiguous resulits are often produced from
this crosscorrelation approach.
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If the signal is a stationary NON-GAUSSIAN time series, then higher
order spectra can be used to unambiguously estimate the time delay even in
the presence of correlated noise. Several methods for estimating the time delay
using the cross bispectrum have been presented by Nikias and Pan (1988).
The non-parametric methods essentially rely upon an estimate of the phase of
the sample cross bispectrum computed from the sensor outputs. The statistical
properties of such estimators have to be derived.

in this paper we present a consistent estimator of the phase of the cross
bispectrum, derive the exact distribution of the phase of a complex Gaussian
sample bispectrum, and show that in most cases the exact distribution can be
approximated by a Gaussian distribution. Using this Gaussian approximation,
we derive the variance of the time delay estimate computed from the sample
cross bispectrum of a signal in additive correlated noise. This results allows the
performance of time delay estimators based on the cross bispectrum phase to
be quantified as a function of the sample size, the skewness of the signal, the
signal-to-noise ratio (SNR), and the noise correlation.

This paper is organized as follows. Section | provides an introduction to
the cross-bispectrum, followed by a presentation of a statistically consistent
estimator of the cross-bispectrum phase in Section Il. Section 1l gives the
derivation of the distribution of the phase estimator, and Section IV compares
this distribution with an approximate distribution. Sections V and VI apply these
results to the specific application of time delay estimation of a non-Gaussian
signal, and Section VIl includes the effects of additive Gaussian noise. Section
VIl compares the cross-bispectrum time delay estimation to time delay
estimation based on the cross-power spectrum, and Section IX summarizes the
results of the paper.

. THE CROSS-BISPECTRUM
Let {x} denote a two dimensional zero mean vector random process in
continuous time whose components are denoted {x1} and {x2}. Assume that

(1) {x} is strictly stationary, and (2) the jscint density of {x{t{),...x(tn)] for any finite
sequence (t1,....tn) has bounded moments, and (3) the process has finite
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memory. By finite memory we mean that there exists a time shift D such that for
any (t9,...tn), [x(t1),....x(tn)) and [x(t1+d),...,x(tn+d)] are jndependent for all d > D.

These three assumptions are more stringent than those used by
Brillinger (1975) and Rosenblatt (1985) to prove the asymptotic properties of
sample bispectra of vector processes that we use in this paper. The more
restrictive assumptions that we employ are easier to understand than the more
general conditions and other restrictions on the joint distributions of the process
which Brillinger and Rosenblatt use.

Suppose that the two processes are simultaneously observed and
sampled using a standard method for obtaining unaliased discrete-time
sampled data. The processes are filtered by a bandpass filter whose effective
cutoff frequency is denoted fg, and the series are sampled at the sampling rate
2fo. Let us simplify notation by setting the time interval to the sampling interval
1/2fo and by using n rather than th=n/2fg as the nth time point.

The 1,1,2 cross-bispectrum By12(f,g) is defined as follows.
Biaf@) = 3 Y crialns)expl-i2n(ir+gs)] (1)
{=-00 § = ~—00
where
Cy12(r,8) = E[x1(n+r)x1(n+s)xa(n)] (2)

is the cross-bicovariance. The following inverse Fourier integral transform of
the cross-bispectrum yields the relationship

Crralrs) = jﬂ By1a(f.g) exp(i2n(fr+gs) 3)

where Q is the square {f,g: -1/2<<1/2,-1/2<g < 1/2}.

The symmetry lines of this cross-bispectrum are easily derived from the
Cramer representation
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xk(n) =f expli2rnfnidAx(f) fork=12 (4)

where E[dA1(f)dA1(g)dA2(h)]=B112(f.g)dfdg if h=—f-g, and zgro otherwise.
Clearly there is only one symmetry line, namely f=g. Since the processes are
real, there is one conjugate symmetry line in the (f,g) plane, the line defined by

f+g=0(h=0). It thus follows that the principal domain PD of the 1,1,2 cross-
bispectrum is the union of two triangles T1={f,g: 0 <f< 1/2, 0 < g < f} and

T2={f,g:0<f<1/2, -t <g <0} (see Fig. 1).

The support set for the amplitude of the cross-bispectrum is a
proper subset of the PD. By12 is identically zero in the triangle
OT={f,g: 0 <f< 1/2, 1/2-f < g < f} by the same argument as in Hinich and
Wolinsky (1988) for bandlimited signals.

t. ESTIMATING THE PHASE OF THE CROSS-BISPECTRUM

In this section we discuss a simple approach to obtaining an
asymptotically unbiased and Gaussian estimator of the real and imaginary pars
of By12. These estimators are then transformed to yield an asymptotically
unbiased and Gaussian estimator of the phase function ¢(f,g), where in polar

form
By12(1g) = |B112(f.g)| explio(t.g)! . (5)

Let N denote the sample size for the observation of x(n). Select a block
length L which is approximately YN. The number of whole blocks in the
record of length N is then [N/L], which is also approximately YN. Let Xkp(fm)
denote the fm=m/L term of the discrete Fourier transform of the pth piece
{xk(1+L"(p=-1))..... xk(L+L*(p-1))} of data (k=1,2). The "raw" 1,1,2 cross-
bispectral estimator is the set products

Fo(m.n) = L7 X (~fm)X{=fn Xl m.n) (6)




tor {fm.fn} in the PD.

The expected value of Fp(m,n) is approximately B112(fm.fn) with an error
of order o(1/L). Denoting the spectrum of {xk(n)} by Sk(f), the large sample
variance of the real and imaginary parts of (2/L)1/2Fg(m,n) is

[1+8(m=n)IS1(fm)S1(f)S2(fmen) + O(L™!) (7)

where 6(0)=1 and &(k)=0 for nonzero k. These results follow from the asymptotic

theory presented in Chapter 4 ¢ Brillinger (1975). Moreover, the real and
imaginary parts are Gaussian and asymptotically independent as L — oo.

The estimator S112 of B112 which we use is the average of these Fp
values over the [N/L] non-overlapping pieces. The resolution bandwidth of this
estimator is AN=1/L. If L is greater than the finite memory length D, then the
variances of ReS{112(fm.fn) and ImSq112(m,n), the real and imaginary parts of
S112(fm.fn), respectively, are equal to 1/[N/L} times the large sample vaiiance of
the real and imaginary parts of Fp(m,n), which is proportional to the expression
in Eq. 7. In other words, the large sample variances of the real and imaginary
parts are equal to the product of the three spectra multiplied by o2=(2NAN2Z)-1.
Iif we assume that L=o(\/T\T), then the bandwidth AN and the large sample
variance go to zero as N — «. Moreover, the real and imaginary parts of S112
are asymptotically Gaussian and independent. We will assume that N and L
are sufficiently large and the processes are sufficiently well behaved, that we
may apply these asymptotic results as large sample approximations.

There is one more large sample approximation that plays an essential
part in the application of statistical polyspectra theory. Returning to the raw
cross spectral values, Fp(fm.fn) and Fp(fr.fs) are approximately INDEPENDENT
for large L. This implies that the same holds for the S112 at different

bifrequencies.

Given these estimators of S112, the obvious estimator of the phase
function at the Fourier frequencies (fm.fn) is
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® (fm fn) = tan ™ [Sl(m.n)/SR(m,n)] , —%s@(fm,fn)sg , (8)

where we now use the convenient abbreviations SR(m,n) and S{(m,n) for the
real and imaginary parts, respectively, of the ESTIMATOR of the 1,1,2 cross-
bispectrum. We will use BR and B| as abbreviations of the real and imaginary
parts of the TRUE cross-bispectrum.

iIll.  THE DISTRIBUTION OF THE PHASE ESTIMATOR

For each (m,n) pair, SR(m,n) and S|(m,n) are asymptotically Gaussian
and independent with expected values BR(m,n) and Bi(m,n) respectively. We
will now derive the exact distribution of the phase estimator when they are
exactly Gaussian. It can be shown (Thomas, 1969) that the probability density
function of ®(fm,fn) given by Eq. 8 is

e r e sin 2(0-6) r
f(d) =1 e 20 + 112 cos(d-0)e 20 erf (71:12 cos (cb—e)J . (9)

Il VQT'IG 20

where the dependence on fm and fn has been dropped for compactness of
notation. The function I'112(fm.fn) is called the cross-skewness function and is
given by

|81 12“m-fn)|
r fm,fn = p—— — . 10
el ) = S TS 19)

The parameter 6 is just the true phase of the cross-bispectrum and is given by

0(fmfn) = tan ! (g_;((ffﬂf”))) . (11)

It can be seen from Eq. 9 that if I'112 is zero, th : phase estimator is
uniformly distributed, as expected. On the other hand, if I'112 is large, then the

second term in the sum in Eq. 9 dominates and the phase estimator has an
approximately Gaussian distribution for & near 6.
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The variance of the phase estimator is given by the following. Center ®
by replacing &0 in £Eq. 9 with ®. Then,

(12)

2( e |

) @° cos2ip dd
2j—-1 )

o'——.r\);;;q

Al’\)

where the series expansion for the error function has been used to rewrite the
density function given by Eq. 9 in the equivalent form:

l\? oo 2J(ﬁ_L2.J
Ho)=1e 202 cos2ip]| | 13
(@)= T L g‘ (2j-1)n cos (13)

By repeated substitution, the remaining integral can be evaluated as

ne ]
sz cos2 ¢ (21 4 2{113 ;_—Z 1—} : (14)

0 @Y 212 245

The expression (2j-1)!1=1-3-5---(2]-1) and (2))!'=2-4-6---(2]). Note that (2j)!!=21(j!).
Substituting this equation into Eq. 12 and making use of the series expansion
for the exponential gives for the vanance

2
b [1 112)j j
2 2 ¢ e 252 1
w0’ 2 2 ° ,2:‘ j k21 k2 1o

This is the exact expression for the variance of the phase estimator using the
asymptotic distribution of the cross-bispectrum. For [I'112=0 the variance is

2 . , o .
?-2, as it should be for a uniform distribution. Since
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for all j, ihen

which implies that E{®2} > 0, as it should.

The variance of the phase estimator under the Gaussian approximation
can be determined by the following.

Let eR and e| denote the random error in SR and Sy, i.e.,
Sr(m,n) = Bg(m,n) + eg(m,n) , Si(m,n) =Bi(m,n) + ¢;(m,n) . (16)
Expanding Eq. 8, we have

tan~'(SySr) ~tan~'(ByBg) = (1+B2/BA) (B 'erBr?Bien) + o(c)

(17)
= (BR+BR)'(Bre-Bier) + 0(0) |

where 62=(2Na2pN)-1 is the variance of eR and e|. Thus the large sample
variance of O(fm,fn) for mznis

Var O(fmfn ) = 62T F20mtn) - (18)

When m=n, the large sample variance is 202F;f2(fm,fn).

The important feature to note is that the statistics of the phase estimator
are determined by the cross-skewness function and the sample size, and, in
particular, the variance of the phase estimator is inversely proportional to the
square of the cross-skewness function.
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The distribution function of the phase estimator is given by

e 0
Fo(o) =J () dod
_I
2
®
M - QJLLJJQ )
=J- Le 2f 1+2—-—293— cos2 @ | dd
T L= (g1
-
° 2 (19)
. ]'.2.5( - 2J./ L‘?JQ | o
e 2o ! {0+ + cos
¢ R b( 2) = (2j-1)
| T
L 2

s 2 P . ‘A .
=149 4 sino ﬁ(l_i? '_{ coso” '+ (2j=1) (2i-3) . (2j-2k+1 )cosq)z’*%1 }
o 2« I ot 2%G-1)G-2) - -G-k)

IV. COMPARISON OF THE EXACT AND APPROXIMATE DISTRIBUTION OF
THE PHASE ESTIMATOR

A Q-Q piot of the exact distribution of the phase estimator given by Eq. 19
and its Gaussian approximation with variance (I'1 12/0)"2 is shown in Fig. 2 for
each of three different values of the ratio I'112/c. ForI'112/0=1, the exact
distribution has smaller tails than the Gaussian distribution, but as I'112/c
increases the tails become larger than the Gaussian distribution before
converging to the normal distribution. A relatively small value of I'112/c results
in good agreement between the exact and approximate distributions.

Figure 3 shows a plot of the percent difference between the exact and
approximate distributions as a function of I't112/¢ for three values of the

distribution near the tail. Again, good agreement is achieved at relatively small
values of I'112/0.
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The percent ditference between the exact variance given by Eqg. 15 and
approximate variance given by (I"112/c)"2 is shown in Fig. 4 as a function of the
ratio I'112/c. For small values of the ratio, the percent difference is positive,
indicating that the exact distribution has smaller tails, as was shown in Fig. 2.
As the ratio gets larger, the tails become larger than the normal and the percent
difference becomes negative.

V. LINEAR RELATIONSHIP BETWEEN THE SERIES

Suppose that {x2(n)} is the output of a linear filter applied to {x1(n)} with
impulse response {h(n)}, i.e., x2(n)=Emh(m)x1(n—-m). We only assume that the
filter is stable. Then dA2(f)=H(f)dA1(f) where H(f) is the filter's transfer function.
Thus S2(f)=|H(f)|2S1(f) and

Bi12(f,g)dfdg = E{dA(f)dA(g)dA;(—f-g)]

(20)
= H(~f-g)B111(f,g) dfdg

where B111 is the bispectrum of {x1(n)}. Because of the linear relationship
between X1 and X2, the regions T1 and T2 in the cross-bispectrum (see Fig. 1)
contain the same information. In the T2 region, Eq. 20 becomes

Bi12(f,-g) = H(g-f))B111(-9.9) .
Thus it is only necessary to use the T1 region to estimate time delay. Applying
Eq. 20 and the above result for the spectrum of x2 to Eq. 10, I'112=I"111 where
I"111 is the skewness function of x1. In other words, the cross-skewness is the

skewness of each process if the two are linearly related. Thus from Eq. 18, the
large sample variance of the phase is

Var ®(fn.f) = 62T 1 (fmfn) - 21)
Vi. TIME DELAY ESTIMATION

Suppose further that the linear relationship is given by

70




o \ R S § .
e‘»"'..'.|'~.".~“-4,-5: , (22)
O, maen

i.e., xi1sjiestatime delayved version of x2. Then,
Byiolfmdn) = Byog(fefi) @=rlme)e (23)

Thus B112is just a phase shifted version of By11:
B112(fm.fa) = B111((mdn) + 2nlfmen)t (24)

The * e delay can thus be estimated as the scaled difference between the
pha-.e estimates ¢f the ctoss and auto bispectra:

©h i f e (25)

’l
<lman

In praciice, tic tme delay estmate can be improved by averaging over
frequency i:. -3 that have large bispectral value: or other equivalent averaging
methods (N -:ns and Pan, 196<;

Since the bispectra phases are asymptotically Gaussian for large
skewness values, the time delay estimate is also asymptotically Gaussian.
Using the Taylor series expansion for the bispectrum phase, (Eq. 17) gives for
the phase differences

B112(fm.fn) e; 12(fmfn) — B.1 12(fm.fn) €112(fm.fn)
|B112lmto)?

(Dd(fm,fn) - ed(fmyfn) = %

(26)

_ Bisi(fmtn) €314(mda) = Bi11(fmfo) €111(mfn) |
|B1 1 1(fm.fn)|2 J

’
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where

By(fm.fn) = Priolfmtn) = @i11(fmta) (27)
and

Bg(fm.fn) = B112(frfn) — B111(fm.tn) - (28)

The asymptotic variance of &g can now be calculated from Eq. 26 by making
use of the following relationships.

E{Iem(fm.fn)l?} = VAR{S111(ntn)} = 262S1(fn)S1(fa)S1(fmen) + O(h) ,(29)

E{|e1 12(fm,fn)l2} = VAR{ Sy 11(fm.fn)}

(30)
= 2675, (tm)S1()Sellman) + O()

E{e}s1(mt) err2tmin} = cov{Si11(tmte). Stralimfn)} 1)

= 20281 (1n)S1 (f)S12(fmun) + O (L)
E{e;12(fm-fn) 9111(fmyfn)} = COV{S;12(fmyfn)v S111(fm»fn)} (32)

= 262S1(fm)S1(fn)S1 2(frmen) + O (ﬁ)
where S12(f) is the cross-power spectrum.
The variance of &g is then
VAR{(Dd(fmyfn) } = ‘2‘*‘02 + o?

Fatmdn)  Ti1(fmfo) 33)
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- Bir2lfmfn) Bin(imf) o2
2 Re 5o |
|B1 12(fm.fn)| IB111(fm.fn)| 112Um,1n

where

Grra(fm.fn) |B112(fmvfn)l |B111(fm-fn)| (34)
112limth) = S1(M)S¢(n)Sqy2(m+n) .

This expression for the variance of the phase difference holds without making
the time-delay restriction implied by Eq. 22.

VIl. EFFECTS OF NOISE

Now suppose that we observe the two processes with additive Gaussian
noise processes that are independent of the signals. Then the cross-
bispectrum of the signals plus noise is the SAME as that of the signals only.
This result holds if centain cross-bispectra of the signals and noise are zero, but
we will stick with the stronger independence assumption to simplify exposition.

If we denote the ratio of the signal and noise power spectra of the ith
channel by pi(f), then the variance of the phase difference for the signal plus
noise case is

VAR{ &5t fr) | = Aé—gf—f ;[1 +p7'(fm)][ 1497 (1)) [ 1407 (frum)
Fyya(fm ta

N

2 r . il . T .
, O +p ()] [ 1+07 (F)] 1497 (fram))] (35)
Iy1(tnfa)

" Fw®)
2Re{8”2('”"f”) Brollnd) @ [4upi(m)][14p1 (1)) ;v:((‘—a;(f""") vpﬂ(fmm)p'z‘('mm)} }

IBM?(fm,fn) IB”‘('"‘-t")I Gn?(fm_fn)

+

. 12 van
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W12(S) and W12(N) are the signal and noise (complex) coherency spectrum
defined as

S12(f)
Wip(f) = 21280
A = 50

Equation 35 is the general expression for the variance of the phase difference
for signat and noise of arbitrary coherence.

If we now invoke the assumption of Eq. 22 that the signals are time
delayed versions of each other and the additional assumption that the noises
have approximately the same power spectral densities, then the variance of the
phase ditference can be simplified to

VAR{(D (fm fn } = ‘2'“" {1-&-‘)1 (f ) h*’pﬂ“n)} pi1(fm+n){ 1 _Re[wgg)(fmmk-i.?mm.nr]} .

111 (fm, n)
(36)

This is the expression for the variance of the phase difterence for correlated
noise. If the noise processes are time delayed versions of one another with
delay time 1n, then the term in the braces { } is just 1-cos(2nfm+n(tn-1)), i.€., the
variance is dependent upon the difference in time delays between the signal
and noise. On the other hand, if the noise processes are independent of one
another, then the term in the braces { } is 1 and the variance of the phase
differences reduces in this case to

VAR{ 03N (fntn) } = —29% (1407 (m] (1407 ()] PV (fmen) . (37)
I 111(fm.fn)

Note that the asymptotic variance of the phase difference for the
bifrequency pair (fm, fn) decreases with the square of the skewness and with
(approximately) the cube of the signal-to-noise ratio. The term o2=(NAN2)™]
determines the rate of convergence of the estimator to the true phase difference
as N — oo,
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VIll. COMPARISON TO THE CROSS-POWER SPECTRUM PHASE

The more common approach to estimating a time delay is by computing
the cross-power spectrum and its inverse Fourier transform, the cross-
correlation. The parallels to Egs. 23 and 25 for the cross-power spectrum are

S12(f) = Sq(f)etent (38)
and
T=-2ul (39)

where ®12(f) is the estimate of the phase cf the cross-power spectrum. |If the
cross-power spectrum is estimated in a manner similar to the bispectrum
estimate presented in Section Il, and if the cross-power spectrum phase is
estimated as the arctangent of the ratio of the imaginary to the real parts of the
cross-power spectrum, then from the Taylor series expansion of the arctangent
(similar to Eq. 17) it can be shown that the variance of the cross-power spectrum
phase is

b:2

VAR ®ill) = a0

(40)

where 02,, = (2NAN)H.

For the case of signal-plus-noise, the variance is given by

VAR &55(f) =

(41)
» wed W wi(wih) - (wh) wh,
“(14p ) (14p5 (1) (+paH)(1+p2(H) V(1+p7 (1) (14p5 () (1 +p1 (D)1 +p2(f))

75

-1




This is analogous to Eq. 35 for the cross-bispectrum.

If the signal is assumed to be perfectly coherent and the noises have
approximately the same power spectral densities, then in analogy to Eq. 36, the
variance of the cross-power spectrum phase simplifies to

i Nio N ) N -1
VAR D (=B, — 14 wizz  (Whe) W“—i (42)
(1+pi'))2 U+piDP - (14p7' (1)) (1+p (1)
Finally, if the noises are incoherent, then the variance further reduces to
VAR 35N = 02, (1+p3'(h)2 (43)

This is to be compared with Eq. 37 for the cross-bispectrum phase difference.

The question that now arises is in the case of uncorrelated noise, are
there conditions under which the cross-bispectrum time delay estimation
method will provide a more accurate estimation of the time delay than the cross-
power spectrum methed. This essentially involves a comparison of £Egs. 37 and
43. Note that the variance of the cross-bispectrum phase difference is
approximately (for low signal-to-noise ratios) inversely proportional to the cube
of the signal-to-ncise ratio, whereas for the cross-power spectrum phase the
variance is inversely proportional to the square of the signal-to-noise ratio. This
implies that for low signal-to-noise ratios the variance will increase mora rapidly
for the cross-bispectrum phase difference than for the cross-power spectrum
phase. However, the variance of the cross-bispectrum phase difference is also
inversely proportional to the square of the skewness function of the signal,
implying that larger values of the skewness function can partially offset the more
pronounced effect that lower signal-to-noise ratios have on the cross-
bispectrum phase difference.

Sample size also contributes differently to the two variances. For the
cross-bispectrum phase difference, 02=(2NA2N)-1, whereas for the cross-

power spectrum phase, 03., =(2NAN)"1. If AN is chosen to be on the order of
N-1/2 in both cases, then 62~0(1) while 63.,~0(N-1/2). Thus the variance will
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reduce more rapidly as sample size increases for the cross-power spectrum
phase than for the cross-bispectrum phased difference.

Shown in Fig. 5 are plots of the variances of the cross-bispectrum phase
difference and cross-power spectrum phase as a function of signal-to-noise
ratio. For Eq. 37, the signal-to-noise ratios are taken to be the same at the three
frequencies, and I'2 was set to 1. For both Egs. 37 and 43, 62 was set to 1. For
this case, the comparison shown in Fig. 5a demonstrates that for low signal-to-
noise ratios the cross-bispectrum phase difference can have a much larger
variance than the cross-power spectrum phase due to its cubic dependency on
signal-to-noise ratio. However, at high signal-to-noise ratios its variance is
slightly smaller than the variance of the cross-power spectrum phase.

In interpreting these results, it should be kept in mind that the variance of
the cross-bispectrum phase difference is inversely proportional to I'2, so that
larger values of I'2 than presented in Fig. 5 will reduce its variance. On the

other hand, o2 and ©3,, were both set to 1 for the two cases, even though o3,
can be made to reduce more rapidly than 62 and still maintain consistency as
sampling size increases. Thus an appropriate choice of averaging can result in
a smaller cross-power spectrum phase variance than presented in Fig. 5.
Clearly, for low signal-to-noise ratios and uncorrelated noise, the cross-
bispectrum will not usually provide any performance advantage. The obvious
advantage of the cross-bispectrum is when correlated Gaussian noise is
present, which results in a bias for the cross-power spectrum.

Vil. SUMMARY

In this paper we have derived the statistical properties of a consistent
time delay estimator for non-Gaussian signals in correlated noise. We have
shown the dependence of the performance of the time delay estimator on the
skewness of the signal, the correlation of the noise, the signal-to-noise ratio,
and the sample size. The asymptotic variance of the time delay estimator is
inversely proportional to the square of the skewness and approximately
inversely proportional to the cube of the signal-to-noise ratio.
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